Leukemias and some solid tumors are organized as cell hierarchies, sustained by cancer stem cells. We developed a computational method to study gene expression cancer cell hierarchies.
Introduction
Leukemias and some solid tumors are organized as cell hierarchies, sustained by a population of cancer stem cells (CSCs) at the apex. 1, 2 The hierarchical model has generated considerable interest as CSCs have properties that make them clinically relevant, including an ability to survive commonly employed therapies and to cause recurrences. 1 An important step towards characterizing CSCs is to define their gene expression patterns in order to identify markers for directed therapy. 3, 4, 5, 6 Most attempts at this have relied on isolation and analysis of putative CSCs from tumor samples by cell sorting, which is logistically and technically demanding.
Method
As an alternative approach, we explored the possibility of extracting CSC-associated gene expression patterns from gene expression profiles of unsorted tumor cells. Several thousands of such data have been published, and potentially allow detection of cell type-specific gene expression signals without physical cell sorting.
For this, we developed a computational method to extract cell type-specific gene expression signals from gene expression profiles of mixed blood cell populations. As described in detail in Supplementary Methods, our model that views a cancer cell hierarchy as a perturbed version of the normal cell hierarchy in the tissue-of-origin. To recover cell typeassociated gene expression patterns using gene expression profiles of unsorted tumor samples where the proportions of cell types are unknown, we solve the optimization problem
where A represents gene expression profiles of unsorted tumor cells, W 1 gene expression profiles of each cell types in the tumor,W 1 known reference gene expression profiles of the corresponding normal cell types (Fig. 1a) , and W 2 additional gene expression vectors to absorb additional variation (e.g., batch effects). The columns of H 1 and H 2 represent non-negative mixing weights. Of note, this formulation differs from most previous deconvolution algorithms, which typically estimate either W or H only, not both at the same time (Supplementary Methods).
To solve the optimization problem, we adopted an efficient block-coordinate descent algorithm, 7, 8 and added a bootstrapping step to increase robustness (Supplementary Methods). During the optimization, the second term in the objective function plays a key role. It guides the deconvolution process by keeping the extracted patterns in W 1 close to the reference patterns inW 1 . This ensures that the extracted patterns can be interpreted as cell type-associated, rather than purely statistically driven entities. The term also imposes sparsity in that W 1 andW 1 will differ only at a few elements. The parameter λ > 0 controls the distance between the estimated and the reference patterns and the degree of sparsity.
Results and Discussion
We tested our model on hematologic malignancies, which are marked by perturbed blood cell development, both in terms of cell type frequencies and gene expression. Several hematologic malignancies are hierarchically organized, including acute myeloid leukemia (AML), myelodysplastic syndrome, and chronic myeloid leukemia. 9, 10, 11, 12 To illustrate the ability of our approach to identify CSC-relevant signals, we focused on leukemic stem cells in AML (AML-LSCs). For this, we retrieved gene expression data for 2,799 unsorted blood and bone marrow samples from patients with AML from ten previous studies (Supplementary Methods). As reference patterns, we used gene expression profiles of normal blood cells from D-Map, 13 including data for two stem cell-enriched populations ("HSC1" and "HSC2"; representing lineage-negative CD34 dim 38 − 133 + and CD34 + 38 − cells) ( Supplementary Fig. 1) .
We applied our method to the pooled set of 2,799 AML samples, to each AML data were gene expression-profiled and assayed for AML-LSC activity using a limiting dilution assay based on in vivo xenografting). 9 Using these data, we calculated engraftment scores that quantitatively reflect the relevance of each gene with leukemic engraftment. 9 We then tested for enrichments of high scores among genes found to be differently expressed in the cell type-specific gene expression profiles of unsorted AML samples.
Throughout, we observed enrichments of genes with high AML-LSC relevance scores among genes with increased expression in leukemic HSC1 cells (i.e., the most primitive cell type in the model) (Fig. 1b,c and Supplementary Fig. 2) . By contrast, we saw no such enrichments for any other cell type-specific patterns deconvolved using AML data ( Supplementary Fig. 3) , nor in any patterns deconvolved using data from other hematologic malignancies (Supplementary Fig. 4) . Moreover, the set of genes up-regulated in the AML-HSC1 pattern included multiple known AML-LSC markers, including IL3RA, CD96, and IL1RAP (Supplementary Table 1) . 4, 5 In summary, we developed a computational approach to infer cell type-specific gene expression patterns through deconvolution of gene expression profiles of unsorted cells.
Compared to physical cell sorting and single-cell approaches, deconvolution represents a complementary method that is easy to use, but has a limitation in that small cell populations may be hard to detect. Nevertheless, our results illustrate that signals representing CSCs can be extracted, probably because of power gained by analyzing thousands of samples, and because reference vectors to guide the analysis. The described method has been implemented as a software tool that is available for Windows and Linux, and accepts input data in standard tab-delimited format. Figure 3) . Moreover, some of these genes were known AML-LSC markers. 
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